Abstract
Introduction

48
Gene regulatory networks (GRNs) have been thought to operate as the genomic mechanisms 49 that guide the organism's response to changes in their environment 1, 2 . One promising subject 50 of research in modern biology and translational medicine is how to infer biologically realistic 51 and statistically robust GRNs from increasingly available transcriptional data and link them to 52 physiological, pathological, and clinical characteristics [3] [4] [5] . A number of statistical approaches, scales allometrically with whole-plant biomass across different plants 36, 37 and how brain size of 138 animals scales with whole-body mass across animals 38, 39 . We introduce this power scaling theory 139 to model how the expression of individual genes (part) scales with the total expression of all 140 genes across EIs through a system of ODEs.
142
Evolutionary game theory of gene expression 143 In an ecological community where many species coexist, a species may adopt a cooperative or 144 competitive decision to maximize its chance to access to resources 40 . This phenomenon has also 145 been well recognized at the cell level in both humans and rats 41, 42 , by which a cell determines a 146 goal-directed decision-making based on its accrued knowledge of the environment. In an elegant 147 study of stress impact, Friedman et al. 43 identified the cells and networks that enable a rodent to 148 choose an appropriate strategy of responsiveness after evaluating possible costs and benefits.
149
Such rational choice reasoning may also guide how genes, located in the same cell, promote or 150 inhibit each other in a complex network. In other words, gene-gene interactions can be modeled 151 as a game in which one player may choose to compete or cooperate with its opponents in a quest 152 to maximize its payoff. Classic game theory, pioneered by mathematical economists 44 , suggests that such choices are not arbitrary, but rather include a rational judgement based on a gene's own 154 strategy and the strategies of other genes. However, it is extremely difficult or impossible to 155 interrogate the rationality of genes, making a direct application of classic game theory to gene 156 network inference infeasible. To address this issue, we introduce evolutionary game theory, a 157 combination theory of game theory and evolutionary biology 45 , which does not rely on the 158 rationality assumption when it is used to study community dynamics and evolution. In an 159 evolving population, any strategy used by an individual to maximize its payoff would be 160 constrained by strategies of other individuals that also strive to maximize their own payoffs and, 161 ultimately, this process through natural selection would optimize the structure and organization 162 of the population, making it reach maximum (best response) payoff 45 .
164
Mathematical integration of evolutionary game theory and niche biodiversity theory 165 Suppose we initiate a standard genomic experiment (Fig. 1A) involving S treatments, each with 166 n s (s = 1, …, S) subjects, measured for m genes and p phenotypic traits at a series of time points
167
(t 0 , t 1 , …, t T ), where t 0 denotes pre-treatment and t 1 , …, t T denote post-treatment. We call a 168 subject from a treatment measured at a time point a "sample." Thus, we have a total of = ( + 
where the change rate of the expression of gene j per among entities (e.g., subjects, tissue types, or cell types), treatment levels, and times (Fig. 1B) .
238
The main merit of a mathematical model is its ability to make a prediction for the future. then this gene is a core gene that is believed to play a pivotal role in maintaining gene networks.
262
If a gene has less links, including active and passive, than the average, it is a solitary gene.
263
Results
265
Human vein bypass grafting 
276
The expression of ADAM9 and LCN2 increases with EI, but the former displays a greater slope 277 of increase ( Fig. 2A ) than does the latter (Fig. 2B ). In contrast, the expression of PLXNA4 ( We reconstructed outcome-perturbed networks between successful and failed outcomes at ( Fig. 5A ) and 5, 53, and 13 for the latter (Fig. 5B) , both listed in the order of promotion degree.
325
These modules produce accumulative positive dependent effects on the expression of modules 20 326 and 27, leading the observed expression level of these two focal modules to be higher than their 327 independent expression level across EI gradients. By contrast, the independent expression level 328 of modules 118 and 135 is downshifted by a set of eight modules for the former (Fig. 5C ) and a 329 set of four modules for the latter (Fig. 5D ). samples. We chose a set of differentially expressed genes (1,395) for idopGRN reconstruction.
342
We calculated the EI of each sample with these genes and plotted the expression of individual 343 genes against EI. EI-varying expression profiles, fitted by a power function (Fig. S1 ), were 344 clustered into 50 modules (Fig. S1 ). results from the rabbit grafting study support the usefulness of our network inference approach.
359
Computer simulation 360 We will perform computer simulation studies to examine the stability, robustness, and sensitivity 
personalized (individualizing networks for each entity) GRNs (idopGRNs).
421
We incorporate community ecology theory to interpret the biological relevance of idopGRNs. 
Online Methods
597
Here, we describe a statistical procedure for solving a system of qdODEs in Eq 1. By obtaining 598 the maximum likelihood estimates of independent and dependent expression amounts of each 599 gene, idopGRNs can be reconstructed. 
where 
which are a sparse version that represents the full model of incoming links for each gene, but
637
with no constraint on the number of outgoing links and, therefore, the dimension of the network.
638
We formulate a likelihood approach to estimate the modified ODEs. Let = ( ; ) ∈ denote 639 all model parameters. The likelihood function of given these data is written as 
644
and covariance matrix ,
646 647
In Eq 6, μ j (E i ), the mean value of the expression of gene j at sample i, whose derivative contains Genetic networks may be activated when the organism experiences environmental change.
683
Suppose that gene co-expression changes from one sample (say i 1 ) to next (say i 2 ) due to 
